Recent studies suggest that the resting brain utilizes metastability such that the large-scale network can spontaneously yield transition dynamics across a repertoire of oscillatory states.
Introduction synchronous slow oscillations that interact via the PPC (Fig. 1A) ; (ii) these oscillations 48 interact with fast ones via the PAC (Fig. 1B) ; (iii) this synchrony-dependent PAC can 49 result in a repertoire of attractors characterized by slow and fast timescales (Fig. 1C) ; and 50 (iv) transitions across attractors, i.e., dynamic changes in PAC strengths, can occur 51 spontaneously at rest according to transitions among a repertoire of the synchronous slow 52 oscillations, that is, according to the dynamic changes in PPC strengths (Fig. 1D ).
53
In this study, we aimed to validate the dynamic PPC-PAC hypotheses described above 54 (Fig. 1) , and to show experimental evidence of how the metastable human brain is Z-scores were concatenated across states and individuals, and the resulting dataset was 126 regarded as the data in a 63-dimensional feature space. In this space, we conducted 127 principal component analysis (PCA) and applied a permutation test to 63 PCs by shuffling 128 the dataset 200 times across the channel with respect to each component. The first four attention switching, communication, and imagination. For these 30 pairwise statistics, we 143 used multiple comparison tests with Pearson's correlation coefficients. The maximal dwell 144 time showed a significant positive correlation with the attention-to-detail score (r = 0.456, 145 two-sided, Bonferroni-corrected p < 0.0013; Fig. 5A , the effects of remaining variables in x 146 on y were partially adjusted). Next, we conducted a post-hoc test of the multiple 147 correlation coefficient using a linear regression model in which the attention-switching score 148 was regarded as a dependent variable and was regressed against two statistics: the number 149 of states and the alpha-band peak frequency ( Fig. 5B ), with these being selected because of 150 weak significant correlations with the attention-switching score (r = −0.283, two-sided, 151 uncorrected p < 0.06 for the number of states; and r = 0.321, two-sided, uncorrected 152 p < 0.03 for the alpha-band peak frequency; Figs. 5C and 5D, the effects of the remaining 153 variables in x on y were partially adjusted). The resulting linear combination showed 154 significant correlation with the attention-switching score (F (2, 49) = 4.91, r = 0.409, 155 p < 0.006), and factor loadings of this linear sum on the number of states and the 156 alpha-band peak frequency (i.e. the correlation coefficients) were −0.614 and 0.666, 157 respectively ( Fig. 5B ). The results indicated that in individuals with the ability to maintain 158 a stronger focus on attention to detail and less attention switching, the delta-alpha PAC 159 dynamics tended to stay in a particular state for a longer time, to visit a lower number of 160 states, and to oscillate at a higher alpha-band peak frequency, thereby providing evidence 161 on how autistic-like traits may be associated with the metastable human brain. 162 We modeled individual delta-alpha PAC dynamics (n = 95) to validate the dynamic 163 PPC-PAC hypothesis (SI Text; Fig. 1 ). The model consisted of delta-band phases, 164 alpha-band amplitudes, PPC-PAC connectivity, and fluctuations. We made connections 165 among the delta-band phases, from delta-band phases to alpha-band amplitudes and from 166 fluctuations to delta-band phases, such that synchronization, amplitude modulation, and 167 state transition could occur via the PPC and PAC. The PPC connectivity and the level of 168 fluctuations were estimated from the data for each individual (Fig. 6 ). On the other hand, 169 the PAC connectivity was set to arbitrary values, because in the present model and our 170 hypothesis, state transition can occur according to dynamic changes in PPC strengths (SI 171 10/38 First, we computed the current source density (CSD) [39, 40] from raw EEG signals to 175 reduce the volume-conduction effect on the estimation of instantaneous phases, and then 176 estimated the 'latent' phase attractors from the CSD signals (Figs. 6A and 6B; as shown 177 later, the simulated delta-alpha PAC dynamics based on the CSD were converted back into 178 EEG dynamics through observation, so that the modeling results would be consistent with 179 the data analysis, see SI Text). Then, we converted the CSD signals into instantaneous 180 phases around the delta-band peak frequency estimated from the data above, and labeled 181 the obtained delta-band phases as multiple states by referring to the individual delta-alpha 182 PAC dynamics (Figs. 3F and 3L). These labeled phases were further converted into the 183 corresponding lags between every pair of phases, with their averages over time being 184 calculated with respect to each labeled state (Fig. 6A ). The resulting values were then 185 transformed into phases for each state ( Fig. 6B ; SI Text), with these being regarded as 186 attractors for the delta-band phase dynamics. In this study, we estimated these phase 187 attractors from 19 CSD signals that corresponded with the standard 10/20 electrode system. 188
Next, we estimated the PPC connectivity underlying the delta-band phases and The resulting set of transitions was quantified by the maximum, median, and minimum of 195 the dwell time with respect to each fluctuation level, and from these statistics and those 196 obtained from the data, we calculated the root-mean-square error (RMSE). We repeated 197 this calculation 100 times and chose the fluctuation level minimizing the RMSE (Fig. 6D ). 198
Then, we simulated the individual delta-alpha PAC dynamics (n = 95) as modeled above, 199 and validated our dynamic PPC-PAC hypothesis ( Fig. 7 ; SI Text). By calculating the 200 11/38 overlaps [41] every time step (Figs. 7A and 7F; SI Text), we observed from the model that 201 the strengths of the PPC changed dynamically among attractors, and that the alpha-band 202 amplitudes were oscillatory at a frequency in the delta band, as well as the actual EEG 203 data. These oscillatory amplitudes with a unit of CSD were first retranslated into those in 204 the scalar potential, so that the modeling results would be consistent with the data analysis 205 (SI Text), and were then converted into instantaneous amplitudes around a delta-band peak 206 frequency, as estimated from the data above. Then, we labeled the resulting signals as Finally, we attempted to predict the delta-alpha PAC dynamics with a temporally 216 decreasing fluctuation level ( Fig. 8) . By calculating the overlaps every time step in this 217 simulation, we observed that one of the delta-alpha PAC states was stabilized, so that the 218 transition dynamics qualitatively changed into the dynamics in a steady state ( Fig. 8A) as 219 the fluctuation level decreased (Fig. 8B) . The appearance of a steady state depended on the 220 initial condition of the system. Moreover, such a qualitative change from multiple states to 221 one state was viewed as a shrinking of the trajectory in the phase space ( Fig. 8C ). We 222 generated the trajectories of the system under different initial conditions in a space 223 composed of the overlaps. The trajectories were projected onto planes, from which we 224 observed that the spaces filled by the transition dynamics can include the steady states as 225 their subsets (Fig. 8C ).
resting-state networks from BOLD signals combined with the transition dynamics of EEG 298 scalp potentials [52], referred to as EEG microstates [21] [22] [23] [24] , and a previous study likewise 299 showed four network modules that were highly consistent across subjects [49] . These results 300 inspired attempts to detect the large-scale functional network using only EEG data [53] . 301 Moreover, the regional specificity of PAC has also been reported [43, 47] , as well as the 302 lateralization of PAC strengths [47] . Thus, macroscopic neural oscillations with multiple 303 timescales in the resting human brain, identified as the delta-alpha PAC states in this study, 304 could be the electrophysiological signatures of resting-state networks.
305
Our main finding is the AQ-related behavioral correlates of delta-alpha PAC dynamics, 306 namely, the correlation with the two AQ subscales of attention to detail and attention 307 switching (Fig. 5 ). In fact, slower neural oscillations are suggested to be dynamically 308 entrained by rhythmic input from external sensory events [12, 14, 54] . Lakatos et al. showed 309 that delta-band oscillations can selectively entrain to the rhythm of attended visual and 310 auditory stimuli, thereby providing evidence of the neural entrainment to attention by 311 which the brain can encode task-relevant events into preferred delta-band phases [14] . On 312 15/38 the other hand, alpha-band oscillations have been suggested to play an inhibitory role by 313 effectively gating top-down processing [55] . Previous studies show that the alpha-band 314 power can decrease in the hemisphere contralateral to attended visual stimuli, whereas it 315 exhibits an increase in the ipsilateral hemisphere (refer to Fig. 4) ; this is evidence for 316 attention-induced alpha-band lateralization that can gate the flow of top-down information 317 into task-irrelevant regions [55, 56] . Alpha-band activity can be dominantly observed in the 318 resting brain, in particular in the occipital region [7] , and the alpha-band peak frequency that attractors in the resting human brain can generate individual delta-alpha PAC 326 dynamics that can selectively encode spontaneous events by utilizing attention. Individual 327 macroscopic dynamics in the brain, as identified here, and which tend to stay in a state for 328 a longer time, to visit a lower number of states, and to oscillate at a higher alpha-band 329 frequency in individuals with a stronger preference for specific events (Fig. 5) , might be a 330 neural signature of the autism spectrum, covering both typical and atypical development. 331 Recently, atypical transition dynamics of the resting large-scale network were identified 332 as ASD symptoms [60] . By applying energy-landscape analysis [61] to the fMRI signals of 333 resting-state networks, Watanabe and Rees showed that neurotypical brain activity can were linked to functional segregation. In this study, we generated the energy-like landscape 338 of resting-state EEG dynamics by utilizing dimensionality reduction of tori, so that the 339 underlying oscillatory attractors could transform into the fixed points (Fig. 3) , and found a 340 similar dynamics-behavior association between the dwell time of delta-alpha PAC state
T for t = 0 to 180 s (:= T ).
444
Analysis (i): Consider the observed dynamics X Ω d (t) to be reduced to X Ω 0 (t)
445
(transitions among fixed points) via d-time iterations of a vector-valued function
where F = [F 1 , F 2 , ..., F N ] T . We realized F by recursively converting the signals into 
for j = 1, 2, ..., N . Operators (· * ·) and |·| denote a convolution and conversion from the 451 complex value to its amplitude, respectively. To obtain the results at high temporal 452 resolution, we set σ i to a value such that the number of cycles n co of the wavelet Ψ i (t) was 453 three, i.e., n co := 6f i σ i = 3. We used data X Ω i−1 (t) for t = n co /2f i to (T − n co /2f i ) to 454 reduce the edge artifact of the wavelet Ψ i (t) with update T − n co /f i → T with respect to 455 each i. On the other hand, we estimated f i from the power spectrum P j Ω i (f ) of X j Ω i (t) for 456 j = 1, 2, ..., N . We averaged these spectra over j with respect to each f , obtained a single 457 spectrum, and estimated its peak frequency over the interval 1≤f < 45 for i = d, otherwise 458 in 0.1≤f < f i+1 ; for i = d only, we first reduced the power-law effect on the spectrum reproducible results, we initialized the clustering algorithm deterministically using PCA 465 partitioning [85] . Note that we did not apply any kernel function to the present clustering 466 analysis because the dynamics X Ω 0 (t) appeared here can be a simpler representation of A representative raw EEG signal at the FC2 electrode, (C) the corresponding instantaneous amplitudes around an alpha-band peak frequency, and (E) those around a delta-band peak frequency (via two-time signal-to-instantaneous amplitudes conversions) with (B,D, and F) being corresponding power spectra. The alpha-band and delta-band peak frequencies were estimated from the single mean power spectrum of the raw EEG signals (B; Fig. S1 ) and the alpha-band instantaneous amplitudes (D), respectively, as depicted by the dotted lines in panels B and D. (G) The EEG alpha-band signal obtained from the same data (i), and another representative signal (ii) of faster transition among more states obtained from an individual with a lower AQ score (a signal at electrode POz). The colors in panels A, C, E, and G indicate distinct states. The resulting delta-alpha PAC states (mean PAC strengths) and (F, L) transitions among those states. Surrogate data testing was applied to the density of points indicated by the red circles in panels B and H and the red lines in panels C and I, and the null hypothesis H 0 was rejected for d = 2 (C and I); the surrogate data testing did not reject all individual datasets for d = 1 and many of them for d = 0 (for comparison purposes, refer to D and J in which the number of states is the same as d = 2). The delta-alpha PAC dynamics tended to stay in a state for a longer time and to visit a lower number of states in individuals with higher subscores for attention to detail and attention switching (compare F with L). The colors in panels A, F, G, and L indicate distinct states, as depicted in E and K. 
